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Abstract
BACKGROUND—With modernization, cardiometabolic disease risk has increased in low and
middle-income countries. To better understand cardiometabolic disease etiology, we evaluated the
patterning risk factors in a susceptible young adult population.
METHODS AND RESULTS—Participants included 1,621 individuals from the 2005 Cebu
Longitudinal Health and Nutrition Survey. Using cluster analysis, we grouped individuals by the
following biomarkers: triglycerides, HDL and LDL cholesterol, C-reactive protein, blood
pressure, homeostasis model assessment of insulin resistance, and fasting glucose. Using
multinomial logistic regression models we assessed how diet, adiposity, and environment
predicted cardiometabolic clusters. We identified 5 distinct sex-specific clusters: 1) Healthy/High
HDL cholesterol (with the addition of high LDL cholesterol in women); 2) Healthy/Low blood
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pressure; 3) High blood pressure; 4) Insulin resistant/High triglycerides; and 5) High C-reactive
protein. Low HDL cholesterol was the most prevalent risk factor (63%). In men and women, a
higher intake of saturated fat increased the likelihood of being in the healthy clusters. In men,
poorer environmental hygiene increased the likelihood of being in the High C-reactive protein
cluster, compared to the healthy clusters (OR 0.74 [95% CI 0.60–0.90] and 0.83 [0.70–0.99]).
Adiposity most strongly associated with membership to the Insulin resistant/high triglyceride
cluster.
CONCLUSIONS—Despite the population’s youth and leanness, cluster analysis found patterns
of cardiometabolic risk. While adiposity measures predicted clustering, diet and environment also
independently predicted clustering, emphasizing the importance of screening lean and overweight
individuals for cardiometabolic risk. Finding predictors of risk in early adulthood could help
inform prevention efforts for future disease.
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INTRODUCTION
Low and middle-income countries undergoing rapid nutrition and lifestyle changes display
an increasing burden of obesity, visceral adiposity, and associated diseases.1–3 These
concerns are heightened for Asians and young adults. The risk of cardiometabolic (CM)
diseases has been shown to be elevated among Asians at lower levels of BMI, prompting the
World Health Organization to recommend the use of a lower BMI cut-point to define
overweight in this population.4 In addition, overweight young adults are likely to remain
overweight throughout life and have increased risk of CM diseases, such as cardiovascular
disease and type 2 diabetes.1, 5–7
Substantial literature links obesity to insulin resistance, dyslipidemia, hypertension, and
inflammation, and consequently to elevated risk of CM diseases.8–11 These factors tend to
co-occur, leading to the definition of the metabolic syndrome (MetS).12 However, using the
MetS definition presents several problems. First, there is a lack of research demonstrating
that MetS stems from a common underlying pathophysiology:13–15 treatment of MetS is no
different than treating the specific CM factors present.16,17 In addition, objectively
evaluating the clustering of CM risk factors, rather than the diagnosis of MetS, is more
useful for predicting and preventing disease.18,19 Lastly, the inclusion/exclusion of specific
CM risk factors in the MetS definition is unfounded. For example, in-flammation, as
indicated commonly by elevated C-reactive protein (CRP), is often not included in the
classic MetS definition, despite that it predicts CVD and type II diabetes independent of
MetS status.11
Motivated by the downfalls of applying a uniform MetS definition, we used cluster analysis
to identify groups of young adults, from the 2005 Cebu Longitudinal Health and Nutrition
Survey (CLHNS), who share similar patterns of CM risk factors. Furthermore, differences in
the prevalence and patterns of co-occurrence of these risk factors likely reflect variation in
modifiable and non-modifiable characteristics. However, there is a lack of research relating
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such characteristics to the clustering of CM risk factors, particularly among young adults.
Thus we sought to determine how diet, adiposity, environment, and sex related to the
clustering of CM risk factors in Filipino young adults.
This study population is ideal for our research question because 1) the majority of
participants did not have any clinical disease; 2) Cebu is undergoing a rapid nutrition and
lifestyle transition; and 3) the CLHNS includes detailed diet, lifestyle, anthropometric, and
biomarker data. By using an at-risk young adult population, we can gain a better
understanding of how modifiable and non-modifiable characteristics relate to CM risk




Data come from the CLHNS. This ongoing community-based survey follows a cohort of
3080 infants born in 1983 to 1984.20 Briefly, the CLHNS is a community-based cohort of
women and their index children followed since 1983. The original participants included all
pregnant women from 33 randomly selected communities of Metro Cebu, who gave birth
between May 1, 1983, and April 30, 1984. Surveys took place immediately after birth,
bimonthly for 2 years, in 1991, 1994–5, 1998–99, 2002, and 2005. In 2005, fasting blood
was drawn for CVD biomarkers and genetics. Here we use data from the index children still
participating in the 2005 CLHNS.
Blood samples were collected on 1790 individuals. Excluding women who were pregnant at
the time of blood draw, we clustered 1621 (889 men and 732 women) individuals with
complete fasting biomarker data and with CRP levels < 10 mg/L (a level representing
current/recent illness rather than low-level basal inflammation).19 Of those clustered, 1,569
individuals with complete diet, socioeconomic, and anthropometric data were included in
the multivariate analysis (871 men and 698 women). All data were collected with informed
consent, using protocols approved by the institutional review board of the University of
North Carolina, Chapel Hill.
Cardiometabolic biomarkers
Fasting plasma CM biomarkers included triglycerides (TG), HDL cholesterol (HDL-C),
LDL cholesterol (LDL-C), glucose, insulin, and C-reactive protein (CRP). Other biomarkers
included homeostatic model assessment insulin resistance (HOMA-IR) and systolic and
diastolic blood pressure (BP). Details regarding obtainment of these biomarkers are
described previously.21 We used cutpoints for these biomarkers based on recommendations
from the International Diabetes Federation (IDF), the American Heart Association, and other
previously recognized and accepted cutpoints (Table 1).8, 19, 22, 23
Anthropometry
Body weight, height, and waist circumference (WC) were measured using standard
techniques24. BMI was calculated as the ratio of weight (kg) to height (m2). We used
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cutpoints for Asians to define overweight (OW) as a BMI ≥ 23 kg/m2.25 Cutpoints for
Asians define central adiposity as WC ≥ 80 cm for women and WC ≥ 90 cm for men8; since
less than 8% of individuals have WC above these cutpoints, we used median values (men =
71 cm and women = 66.5 cm) to define at-risk groups.
Dietary data
Dietary data were derived from two 24-hour dietary recalls and the mean intake was used in
the analyses. A nutritionist reviewed all dietary recalls immediately after collection. When
implausible values were found, interviewers revisited respondents for verification. Energy
and saturated fat intakes were calculated using the Philippines Food Composition
Tables.26, 27
Sociodemographic and lifestyle characteristics
We included the following sociodemographic and lifestyle characteristics in our analysis:
household assets, urbanicity, environmental hygiene, graduation status, smoking status,
alcohol consumption, and level of physical activity.
The assets score, ranging from 0 to 10, measures household economic status. It reflects the
type of lighting used, ownership of house, type of housing material, and ownership of
selected assets: television, air conditioner, tape recorder, refrigerator, and motor vehicle. We
dichotomized this variable at the median, ≤ 5 assets or > 5 assets. The urbanicity index is
comprised of 7 components derived from CLHNS barangay-level survey data.28 A higher
score designates a more urbanized barangay. We dichotomized this variable at the median, ≤
43 or > 43. The hygiene score measures environmental cleanliness using data on the
interviewer’s rating of cooking area, immediate area around the house, toilet type, and water
source. The score ranges from 0 to 9 with larger values indicating greater cleanliness.29
High school (HS) graduation status was classified as yes or no. Smoking and alcohol
consumption were assessed as yes or no. The majority of women did not smoke (> 93%)
therefore we did not include this covariate in their analysis.
Physical activity was assessed by asking respondents to report time spent in all activities
during a typical day. Each activity was assigned a metabolic equivalent (MET) value using
the updated Compendium of Physical Activities. We identified minutes/week of moderate to
vigorous physical activity (MVPA=METS >3) performed during occupation, leisure time,
and household activities to approximate an overall minutes/week of MVPA. The majority of
women did not participate in any MVPA (82%), thus MVPA was only included in the
analysis of the men. We categorized physical activity: no MVPA, low to medium amounts
of MVPA (<sex-specific median of 720 minutes/week), and high amounts of MVPA (≥720
minutes/week).
Statistical analysis
We performed a K-means cluster analysis to identify groups of young adults with similar
CM risk factor patterns using SAS PROC FASTCLUS (SAS version 9.2, SAS Institute,
Cary, NC).30 Since final cluster solutions are sensitive to initial seed values, we used a more
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objective approach to picking a cluster solution by creating an algorithm to maximize the
ratio of between-cluster variance to within-cluster variance (largest R2).21
Cluster analysis was conducted separately in the women and men to account for differences
in patterns of CM risk by sex. The variables entered into the cluster analysis were chosen to
represent hypertension, inflammation, insulin resistance, and lipid abnormalities, and
included sample and sex-specific standardized values (z-scores) of TG, HDL-C, LDL-C,
systolic BP, diastolic BP, glucose, HOMA-IR, and CRP (Figure 1).
We used sex-specific multinomial logistic regression models in Stata version 12.0 (Stata
Corporation, College Station, TX, 2006) to examine predictors of cluster membership in
young adults. For men and women, the full models included the following covariates: high
WC, OW status, % energy intake from saturated fat, energy intake, alcohol consumption,
household assets, urbanicity, environmental hygiene, and education status; smoking status
and level of physical activity were additionally included for men. We used the multivariate
nutrient density method to control for confounding and to remove extraneous variation due
to total energy intake.31 Multicollinearity between % of energy intake from saturated fat and
total energy intake was not an issue (correlation coefficient<0.4).
We conducted manual backwards elimination (likelihood ratio test) to test whether each
covariate improved model fit. If it did not improve model fit and also did not predict cluster
membership the covariate was removed. Throughout our analysis we used α < 0.05 as the
criterion for significance.
RESULTS
Prevalence of CM risk
Baseline characteristics are presented in Tables 2 and 3 for men and women respectively.
Men had a high prevalence of low HDL-C (60%), while a low prevalence of elevated LDL-
C (6%), elevated fasting glucose (3%), elevated HOMA-IR (3%), and elevated CRP (7%).
Women had a high prevalence of low HDL-C (68%), while a low prevalence of elevated TG
(9%), hypertension (2%), elevated fasting glucose (3%), elevated CRP (8%), and elevated
HOMA-IR (4.5%). In comparison to women, men had a higher prevalence of elevated TG
and hypertension. While in comparison to men, women had a higher prevalence of low
HDL-C, elevated LDL-C, and elevated HOMA-IR.
Cluster analysis
We conducted a series of cluster analyses with 3 to 6 clusters specified, and chose the 5-
cluster solution for both men and women because it yielded distinct CM risk factor patterns
and each cluster contained approximately ≥ 5% of the sample.32 The 5-cluster solutions had
R2= 0.35 and R2 = 0.36 in men and women respectively, indicating slightly more than 1/3rd
of the variance in CM biomarkers was explained by the clusters. For men we identified the
five clusters as: (1) Healthy/High HDL-C, (2) Healthy/Low BP, (3) High BP, (4) Insulin
resistant (IR)/High TG, and (5) High CRP. For the women we identified the same five
clusters except the first cluster also included LDL-C: (1) Healthy/High HDL-C/High LDL-
C. We named the clusters according to what risk factor(s) had the highest/lowest mean
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relative to other clusters; the term “healthy” represents low z-scores for the majority of CM
biomarkers (except HDL-C). We ordered these clusters such that clusters 1–5 in men and
women represented similar CM patterns.
Cardiometabolic patterns in young adult men
Mean z-scores of the CM biomarkers varied markedly by cluster (Figure 1), as did the
prevalence of risk factors defined by cutpoints to represent “high risk” (Tables 2 and 3).
Men in the Healthy/High HDL-C cluster (n=144, 16%) had the zero prevalence of low
HDL-C. Men in the Healthy/Low BP cluster (n=315, 35%) had the lowest prevalence of
hypertension (0%) and a high prevalence of low HDL-C (73%). Men in the High BP cluster
(n=290, 33%) had a relatively high prevalence of hypertension (38%) and low HDL-C
(69%). Men in the IR/High TG cluster (n=65, 7%) had highest prevalence of elevated TG
(88%), elevated fasting glucose (15%), and elevated HOMA-IR (29%); in addition, these
men had a high prevalence of low HDL-C (68%). Lastly, men in the High CRP cluster
(n=75, 8%) had the highest prevalence of elevated CRP (80%), and a high prevalence of low
HDL-C (75%).
Cardiometabolic patterns in young adult women
Mean z-scores of the CM biomarkers varied markedly by cluster (Figure 1), as did the
prevalence of risk factors defined by cutpoints to represent “high risk” (Tables 2 and 3).
Women in the Healthy/High HDL-C/High LDL-C cluster (n=158, 22%) had the lowest
prevalence of low HDL-C (27%) and a relatively high prevalence of LDL-C (32%); none of
these women had hypertension. Women in the Healthy/Low BP cluster (n=252, 34%) had no
hypertension and a high prevalence of low HDL-C (86%). Women in the High BP cluster
(n=233, 32%) had a relatively high prevalence of hypertension (6%), and low HDL-C
(73%). Women in the IR/High TG cluster (n=48, 7%) had highest prevalence of elevated TG
(50%), elevated fasting glucose (27%), and elevated HOMA-IR (63%); in addition, these
women had a high prevalence of low HDL-C (79%). Lastly, women in the High CRP cluster
(n=41, 6%) had the highest prevalence of elevated CRP (95%) and a high prevalence of low
HDL-C (73%); none of these women had hypertension.
Multivariable analysis in young adult men
The final multivariate model in the men included the following covariates: high WC, OW
status, % of energy intake from saturated fat, energy intake, household assets, smoking
status, alcohol consumption, and environmental hygiene (Table 4).
Compared to the Healthy/High HDL-C cluster: being normal weight and not consuming
alcohol increased the likelihood of being in the Healthy/Low BP cluster; higher WC
increased the likelihood of being in the High BP cluster; higher WC, being OW, having
more assets, and smoking increased the likelihood of being in the IR/High TG cluster;
decreased % of energy intake from saturated fat and lower environmental hygiene increased
the likelihood of being in the High CRP cluster.
Compared to the Healthy/Low BP cluster: higher WC, being OW, and not smoking
increased the likelihood of being in the High BP cluster; higher WC, being OW, and having
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more assets increased the likelihood of being in the IR/High TG cluster; being OW,
decreased % of energy intake from saturated fat, having more assets, not smoking, alcohol
consumption, and decreased environmental hygiene increased the likelihood of being in the
High CRP cluster.
Compared to the High BP cluster: being OW, having more assets, and smoking increased
the likelihood of being in the IR/High TG cluster; lower WC and decreased environmental
hygiene increased the likelihood of being in the High CRP cluster.
Compared to the IR/High TG cluster, lower WC and not smoking increased the likelihood of
being in the High CRP cluster.
Multivariable analysis in young adult women
The final multivariate model in the women included the following covariates: high WC, OW
status, % of energy intake from saturated fat, energy intake, urbanicity, and HS graduation
status (Table 4).
Compared to the Healthy/High HDL-C/High LDL-C cluster: no covariates increased the
likelihood of being in the Healthy/Low BP cluster; decreased % of energy intake from
saturated fat, increased energy intake, and not graduating from HS increased the likelihood
of being in the High BP cluster; being OW increased the likelihood of being in the IR/High
TG cluster; decreased % of energy intake from saturated fat, increased energy intake, and
lower urbanicity increased the likelihood of being in the High CRP cluster.
Compared to the Healthy/Low BP cluster: higher WC and being OW increased the
likelihood of being in the High BP cluster; higher WC and being OW increased the
likelihood of being in the IR/High TG cluster; being OW, decreased % of energy intake
from saturated fat, and lower urbanicity increased the likelihood of being in the High CRP
cluster.
Compared to the High BP cluster: being OW increased the likelihood of being in the IR/
High TG cluster; decreased urbanicity increased the likelihood of being in the High CRP
cluster.
No covariates distinguished the IR/High TG cluster from the High CRP cluster.
DISCUSSION
Cluster analysis is a useful tool for identifying groups of individuals who share similar CM
risk factor patterns. In contrast with the MetS definition, cluster analysis allows for
flexibility. For example, we included a measure of inflammation in the cluster analysis, a
risk factor not commonly included in MetS definitions, which allowed us to identify a
distinct group characterized primarily by elevated CRP levels. In addition, we did not
include WC as a criterion for the clustering algorithm, unlike the IDF, which requires
elevated WC in the definition.8 This enabled us to distinguish for which clusters elevated
WC (a modifiable risk factor) predicted cluster membership.
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By using cluster analysis, we were able to capture the heterogeneity in patterns of CM risk
factor clustering. Research has demonstrated that mortality risk is dependent on the actual
combinations of CM risk factors, highlighting the importance of understanding these sex
differences in the clustering of CM risk factors.33 While our analysis found relatively similar
CM risk clusters among men and women, the predictors of these clusters varied by sex.
Perhaps as these young adults age more distinct CM patterns between men and women will
emerge.
A high prevalence of low HDL-C, a risk factor for heart disease, has been reported in the
Philippines and other Asian populations.34–36 This was reflected in the cluster analysis
results: over 65% of men and 70% of women, not in the Healthy/High HDL-C cluster, had
low HDL-C levels.
Previous work among the mothers in Cebu suggested that saturated fat intake, perhaps from
coconut oil, could be protective against low HDL-C levels.21, 37 However in young adults,
we saw saturated fat intake had varying relationships with different CM risk factors. In both
men and women, decreased % energy intake from saturated fat predicted membership in the
High CRP group when compared to the two Healthy clusters. In addition, a decrease in %
saturated fat intake predicted membership in the High BP group in women, compared to the
Healthy/High HDL-C/High LDL-C group.
The association of saturated fat intake with healthy CM profiles could reflect the types of
saturated fats consumed in this population. Coconut oil, the most common and traditional
cooking oil in Cebu, is rich in lauric acid.38 Lauric acid improves the total cholesterol to
HDL-C ratio, more than any other saturated or unsaturated fatty acid, primarily by
increasing HDL-C levels.39 In addition, a replacement of carbohydrates with lauric acid
produces a decrease in this ratio.39 This proves especially relevant in our study population
since over half of energy intake comes from carbohydrates, the majority of which are refined
rice products. Other studies have found diets rich in coconut oil or in saturated fat do not
alter markers of inflammation, fasting glucose, fasting insulin, HOMA-IR, or incident
diabetes.40, 41
Men with poorer environmental hygiene (increased pathogenicity) were more likely to be in
the High CRP cluster compared to the two Healthy clusters. These results support previous
research conducted in the CLHNS and reinforce the involvement of pathogen exposure in
activating pro-inflammatory pathways.29, 42, 43 But why do we fail to observe this hygiene
effect in women? Adiposity relates more strongly with inflammation in women than in men,
thus it is possible the effects of adiposity overwhelmed the effects of the hygiene score in
women.15, 44
As expected, WC and OW status were the strongest predictors of membership in the IR/
High TG cluster, underscoring the adverse health effects of excess visceral adipose tissue,
for which WC serves as a proxy.45 WC is among the best-established predictors of CM risk
and past work in the CLHNS and other populations support this notion.29, 42, 46, 47 Research
has also demonstrated that increased WC predicts CM abnormalities in both normal weight
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and OW individuals, highlighting the potential for visceral fat to influence the development
of CM risk factors, independent of BMI.48
This population has a low prevalence of overweight (18%). However, among normal weight
individuals, CM risk factors were already present: 63% of the sample with BMI<23 kg/m2
had low HDL-C. Despite leanness, cluster analysis found patterns of CM risk. While
measures of adiposity predicted some of these patterns, modifiable factors such as dietary
intake and pathogen exposure also independently predicted cluster membership. This
emphasizes the importance monitor and screen lean individuals for CM risk and future CM
diseases, especially in Asian populations where the risk of CM diseases is elevated at a
lower BMI (likely due to increased visceral fat at lower BMIs).4
Several limitations warrant mention. A limitation of cluster analysis is that not all
individuals within a certain cluster necessarily share all characteristics. For example, in our
“Healthy” clusters we found the average z-scores for CM risk biomarkers were relatively
low (except HDL-C), but we cannot ascribe these low values to each individual in the
cluster.
Attrition and selection bias are also concerns. Migration of the more educated, urban
segment of the original cohort has left us with a sample that is no longer representative of
the population from which it was drawn.20 The sample was further reduced due to selection
criteria. From the full sample of 1,888 young adults in 2005, the multivariate analysis
included those that were fasting and not pregnant with complete biomarker, anthropometric,
and socioeconomic data, resulting in an analytic sample of 1,621. Comparing baseline
socioeconomic characteristics, we found a lower percentage of HS graduates among women
excluded vs. those included in the analysis (68% vs. 78% respectively, ANOVA p < 0.05).
In sum, despite the population’s young age, lack of clinical disease, and relative leanness,
cluster analysis identified distinct patterns of CM risk factors. By using cluster analysis we
made fewer assumptions regarding the underlying etiology and allowed relationships among
CM risk factors to emerge from the data themselves. We found sex-specific clustering of
CM risk factors and were able to evaluate how diet, adiposity, and environmental factors
influenced these patterns. As expected, measures of adiposity predicted specific CM risk
patterns. However, diet and environmental factors also independently predicted risk factor
clustering. This emphasizes the importance of screening both lean and OW individuals for
CM risk, especially in Asian populations where the risk of CM diseases is elevated at lower
BMI.4 Future studies examining how CM risk patterns change longitudinally could provide
insight to how CM risk evolves across the life course. Finding modifiable and non-
modifiable predictors of CM risk in early adulthood could help inform targeted prevention
efforts for future CM disease.
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Figure 1. Mean z-scores of fasting biomarkers by cardiometabolic cluster
Mean z-scores by cardiometabolic cluster for the eight fasting biomarkers used as input
variables in the cluster analysis. A: Mean z-scores of biomarkers in young adult men. B:
Mean z-scores of biomarkers in young adult women.
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Table 1
Criteria for defining elevated cardiometabolic risk
Risk factors Cutpoint
Triglycerides† ≥ 1.7 mmol/L
HDL cholesterol† Males < 1.0 mmol/L
Females < 1.3 mmol/L
LDL cholesterol‡ ≥ 3.4 mmol/L
Systolic BP† ≥ 130 mm Hg
Diastolic BP† ≥ 85 mm Hg
Glucose† ≥ 5.6 mmol/L
HOMA-IR§ ≥ 4.7 mmol/L×µIU/mL
CRP¶ > 28.6 nmol/L
Cutpoints represent levels at which there is an increased risk of cardiometabolic diseases.
†
Cutpoints are defined by the IDF.8
‡
Cutpoint is defined by the National Cholesterol Education Program.22
§
Cutpoint is defined by Stern et al.23
¶
Cutpoint is defined by the American Heart Association.19
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Table 4
Predictors of cluster membership
Predicted male cluster
Referent male cluster Healthy/Low BP High BP IR/High TG High CRP
− OW† [0.32
(0.16,0.64)]
+ High WC‡ [1.87
(1.15,3.04)]
+ High WC‡ [3.68
(1.62,8.36)]
− Satfat§ [0.43 (0.22,0.86)]
− Alcohol [0.51
(0.27,0.96)]
+ OW† [2.17 (1.02,4.64)] − Hygiene [0.74 (0.60,0.90)]




+ High WC‡ [1.92
(1.32,2.78)]
+ High WC‡ [3.78
(1.77,8.06)]










+ Assets [1.94 (1.10,3.42)]
Healthy/Low BP − Smoking [0.56
(0.33,0.97)]
+ Alcohol [2.83 (1.19,6.72)]
− Hygiene [0.83 (0.70,0.99)]
+ OW† [1.96 (1.02,3.77)] − High WC† [0.34
(0.18,0.64)]
High BP + Assets [2.42
(1.27,4.60)]
− Hygiene [0.82 (0.69,0.98)]
+ Smoking [2.28
(1.25,4.14)]










− Satfat§ [0.22 (0.08,0.61)]




− HS Grad [0.51
(0.29,0.92)]
+ Urban [2.88 (1.30,6.39)]
+ High WC‡ [1.86
(1.24,2.77)]
+ High WC‡ [2.94
(1.24,6.95)]
+ OW† [4.12 (1.49,11.40)]




− Satfat§ [0.35 (0.13,0.92)]
+ Urban [2.81 (1.31,6.04)]
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High BP + OW† [3.69 (1.72,7.92)] + Urban [2.82 (1.32,6.04)]
IR/High TG






Percentage of total energy intake from saturated fat; scaled (divided by 10) when imputed in the multinomial logistic regression to ease
interpretation;
¶
Energy intake was also scaled; units were kJ/1000.
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